. nuclear-physics and multi-messenger
astrophysics framework

Pang P. T. H., et al., 2023, Nature Communications., 14, 8352
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% NMMA : nuclear-physics and multi-messenger

astrophysics framework

Pang P. T. H., et al., 2023, Nature Communications., 14, 8352

GRB170817A |

_ GW170817 |
Gammbvaiburst & Gravitational
afterglow o waves

" \
N
AT2017gfo |
Kilonova

Credit: Tohoku University
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% NMMA : nuclear-physics and multi-messenger

New insights

— constrained nuclear EOS

— confirmed predictions
of General Relativity

— production site of
heavy elements

— alternative method to
infer the expansion rate
of the Universe

astrophysics framework

Pang P. T. H., et al., 2023, Nature Communications., 14, 8352

GRB170817A |
Gammaray burst &
gfterglow\ o

Nina Kunert | University Potsdam | 13th February 2023

GW170817 |
QGravitational
waves

AT2017gfo |
Kilonova

Credit: Tohoku University




NMMA | Functionalities

ANMMA

NMMA

a pythonic library for probing nuclear physics and cosmology with
multimessenger analysis

inctionality of the pipeline sing a quick example. Taking the Metzger

Github: https://github.com/nuclear-multimessenger-astronomy/nmma

Bayesian inference
- observational data & injections
- gravitational-wave signals
- electromagnetic signals
- joint inference of GW+ EM signals

Including nuclear physics
- neutron star equation of state (EOS)

Estimating binary source properties

- Binary neutron star (BNS)
- Neutron star black hole (NSBH)

Other

- estimating the Hubble Constant



Bayesian inference

Parameter estimation through Bayes theorem

L (@) (6)
Z

Evidence

p(0]d, H)

Probability of the
hypothesis given the
data

Gravitational-wave inference | Bilby
Ashton, et al. (2019)

Law o exp(~5{d — h(@)]d — h(@)))

Electromagnetic inference | NMMA
Pang et al. (2023)

7 j,est

Lem exp(—l Z (g —m (5))2)

2 i (Jg,stat)2 + Jszys

Joint inference | NMMA

Pang et al. (2023)

—

L(0) = Law (Oow) x Len(Ora)



Bayesian inference

Interpreting ejecta
properties

10

central engine

SR
P
-

0.50

e :
el o

Yo

e
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e s

o Revealing GRB

Analyzing

=" / GW signals
1.0

Nuclear

. physics
T 010 / constraints

0.005 /
11.98¢
2

%

1

b

PEEES

VON AT AP S 0> A R \\\*\\:\\\*\'i\\\\\*\\ \\,p \\,\\ \\-: \\\\\\ ‘§\\\ N 8 \\‘\ \-\}\ \3;‘
I 1, 1oy M) I E M [M.] - 1.197M, q A Ry 4km]
—— GWI1T0817 & AT2017gfo —— GWI70817 & GRBI70817A & AT2017gfo

Pang et al. (2023)

Science case: Pang et al. 2023 | NMMA

GW170817 + GRB170817A + AT2017gfo

—

L(0) = EGW@GW) X EEM(gEM)

including nuclear physics information | EOS



Models

Grationational waveform models

Strain

Gravitational waveform in time domain

h(t)

10—21

_ A(t) e—zllj(t) Phase

Amplitude

1.0

—0.20

Time (s)

BNS sources @

Post-Newtonian models
e  TaylorF2

Effective-One-Body models
e SEOBNRv4 ROM NRTidal

Phenomenological models
e  PhenomD NRTidal,
e  PhenomPv2 NRTidal(v2, v3 | Abac at al. 2023)

NSBH sources @

Phenomenological models
e IMRPhenomNSBH
e SEOBNRv4 ROM NRTidalv2 NSBH

All GW models are enabled with: LALsimulation

(LIGO Scientific Collaboration, Algorithm Library LALsuite)



Models

Best-fit light curves | GW170817+GRB170817A+AT2017gfo
17
u 19 v
21
23 : :
17/
9194
211
23 : :
17/
: i 19 1
21 1
234 : : -

171

%Y m
2k Pang et al. (2023)
23 5 . . . . /

2 4 6 8 10
Time [days]

Electromagnetic (EM) transient models

Gamma-ray burst afterglow

o afterglowpy | Van Eerten et al. (2010), Ryan et al. (2020)
e soon: Pyblastafterglow | Nedora et al. (2021)

Kilonovae

® analytic models

e models based on radiative transfer simulations
(POSSIS, Kasen et al.)

Supernovae

e SN models in sncosmo | (Levan et al. 2005)


https://arxiv.org/abs/astro-ph/0403450

Models

Methods | EM transient models

Kilonovae
° Grid points Neural networks Light curve
e e o

e.g. POSSIS e o o L e,

— simulation at grid points provide light curves |

— light curve at arbitrary parameter values arise from

surrogate models
Grid points Gaussian Process Light curve
A /\
S T 16 o0 e e e

gnitude
|
°
)

e S —o—¢ o\ o

L
>

.
-
H
\
!

Regression



Including nuclear physics

e use nuclear physics models to obtain e sample on EOS during parameter estimation
Equation-of-state Prior
my,2
Interpolate

p(Ailms, EOS) = §(A; — A(my; EOS))

] |

GW waveform
- mass m, -
- radius R, h(t;ma2, A12,0)
- tidal deformability A

10



Including nuclear physics

Constraints on the EOS from different research fields

— —
o [==]
w -

p in MeV fm~3

10! 5

10° 5

Nuclear theory
and experiment

—
[Sv]
(S

N 1IN Ngat

Koehn et. al. (2024)

arXiv:2402.04172v1

Science case: Study of Koehn et al. 2024

Nuclear

- Chiral EFT

- pQCD

- PREX-II

-  CREX

- Heavyion
collisions

Employed constraints

Isolated neutron
stars

- Heavy pulsars

-  NICER

- HESS object

- qLMXBs

- Thermo-nuclear
accretion bursts

Binary neutron stars

GW170817

+ AT2017gfo

+ GRB170817A
GW190425
GRB211211A
Post-merger
constraint from
GW170817

11


https://arxiv.org/abs/2402.04172v1

Combining different constraints on the EOS from different research fields

Science case:
Koehn et al. 2024

arXiv:2402.04172v1

Check out our

i

[z

Nuclear constraint
App!



https://docs.google.com/file/d/1RECWJVDaGkFYLLfcwLgcB5XssVBdYa-x/preview
https://arxiv.org/abs/2402.04172v1

Combining different constraints on the EOS from different research fields

Science case:

Koehn et al. 2024
Black Widow NICER GW170817 .
Heavy-Ion Collisions J0952-0607 J0030+0451 postmerger arXiv:2402.04172v1

[y
=N
Il

Check out our

R, 4 in km
o
1

p—
1

Nuclear constraint
App!
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https://arxiv.org/abs/2402.04172v1

Bayesian inference Application: model selection

Hypothesis testing using Bayes theorem Interpreting: Bayes Factors

p(Hl |d7 [) _ p(d|7'[1, ])p(Hl |]) In[BL,] < —4.61 | decisive evidence
p(?‘[z |d7 [) p(d‘H% [)p(%2 |[) —4.61 < In[B! ef] < —2.30 | strong evidence
i i i —2.30 < In[BL,] < —1.10 | substantial evidence
o) = By x I}
—1.10 < In[Bl,] < | no strong evidence
Odds ratio Bayes factor Prior Odds

— investigate the plausibility of competing models

14



Bayesian inference

Studying the origin of GRB211211A

1. BNS 2. NSBH

&

Results: Bayes factors

Science case: Study of Kunert et al. 2023

possible

scenarios 3. Collapsar 4. SN
&
Tophat
p 0S Sible Gaussian
GRB jet types

</

Name Astrophysical GRB Jet Model Bayes factor
Processes Structure | dimension| In[B}]

BNS—GRB—M{%},“" Kilonova + GRB Tophat 11 ref.
BNS-GRB-M§2en Kilonova + GRB Gaussian 12 -1.21 + 0.12
BNS-GRB-Mg' Kilonova + GRB Tophat 11 -4.51 £ 0.12
BNS-GRB-ME:!2, Kilonova + GRB Gaussian | 12 -6.26 £ 0.12
NSBH-GRB-M;op Kilonova + GRB Tophat 11 -8.41 £ 0.12
NSBH-GRB-Mgauss Kilonova + GRB Gaussian 12 -10.56 + 0.12
SNCol-GRB-M;q, rCCSNe + GRB Tophat 14 -15.24 £ 0.13
SNCol-GRB-Mgauss rCCSNe + GRB Gaussian 15 -16.97 £ 0.13
SN98bw-GRB-M,,, CCSNe + GRB Tophat 8 -12.66 + 0.12
SNI8bw-GRB-Mgauss | CCSNe + GRB Gaussian 9 -12.59 + 0.12
GRB-Mop GRB Tophat 8 -12.47 £ 0.12
GRB-Mgauss GRB Gaussian | 9 -12.65 £ 0.12

Kunert et al. (2023)

15



Connecting electromagnetic
signals to binary properties

BNS properties of GRB211211A

LE7HIs 1.5
750 :
!
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S : \ T
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Q 1
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B !
N A i
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\l" \ A 1 L
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S \\\ e
Ny ,.\\\\ l B\ :i: 0
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OIS B S I N N S &
NS s
my[Mg) ma[Mg) A

BNS-GRB-MEasen

—— BNS-GRB-MEse

BNS-GRB-Mal®

Prior

Kunert et al. (2023)

BNS sources | phenomenological relations

@

relation of dynamical ejecta mass | [Krueger & Foucart, (2020)]

€]
m’dyn,ﬁt

10-3Mg

-

a
@y
o, "

(

mo
mq

>n+c01> + (14 2)

relation of disk mass | [Dietrich et al., (2020)]

, - — 2) Mo,
log,g <md‘k> = max (37 a (1 + btanh <C (71 - 722) Mieshona

M,

d

)
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Estimate the Hubble Constant

e cvaluate linear Hubble relation

c-z=vg=Hy-D

Applications:

- QGravitational-wave standard sirens
- Kilonovae standard candels

- Joint estimates (GW + EM)

17



Estimate the Hubble Constant

Pl obability den.slt\

0.00

Science case: Study of Dietrich et al. 2020

() 081

().06-

- (0.04 1

0.021

- use joint estimate of distance from

(B) .
Vil MB"* = AL GW170817+GRB170817A+AT2017gfo data
(4)
60 . 3 R =
;1 .—\T'__’lllT,:['o} GRBI170817A-VLBI
810
e ; - e 20 e
50 60 0 80 ‘ (awrmsiz
Hy [km Mpc™'s™] 100 120 140 160 180

Inclination [degree]
Dietrich et. al, (2020)
Dietrich et. al, (2020)
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Current code developments  pai matter | Theory

— Introduction by Violetta Sagun
Implementing new GRB model | pyblastafterglow

e simple case: fermionic dark matter
Accelerating GW inference e  baryonic and dark matter only interact

gravitationally
Sampling on nuclear parameters directly

Sampling on dark matter parameters — — there are 2 possible configurations

> dark matter mass, 770y A

> dark matter fraction, f X

— requires constructing DM EOS set

Core configuration Halo configuration

19



NMMA: worldwide contributions

2R

UNIVERSITY
OF MINNESOTA

Observatoire
@a aes COTE#AZUR

Utrecht
University

NREUNTY
ol.

-FE
122,
Js,
>
UsTou

<
>
90RE o>

» Los Alamos

NATIONAL LABORATORY
ST 194

University Potsdam and Max Planck Institute
for Gravitational Physics

- computational astrophysics

- gravitational-wave modelling

- multi-messenger data analysis

University of Minnesota
- optical and near-infrared observations
- multi-messenger data analysis

Observatory of Cote d’Azur
- optical and near-infrared observations
- multi-messenger data analysis

Utrecht University
- gravitational-wave data analysis
- multi-messenger data analysis

University of Ferrara
- modelling of electromagnetic signals

Los Alamos National Lab
- nuclear physics

SUONEAIISqQO)

K109y,
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The % NMMA collaboration thanks for your attention!

Nina Kunert | University Potsdam | 13th February 2023



